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Abstract 
 
Using 15 years of data on Finnish twins, we find that 24% (54%) of the variance of 
women’s (men’s) lifetime income is due to genetic factors and that the contribution of the 
shared environment is negligible. We link these figures to policy by showing that 
controlling for education reduces the variance share of genetics by 5-8 percentage points; 
by demonstrating that income uncertainty has a genetic component half the size of its 
variance share in lifetime income; and by exploring how the genetic heritability of lifetime 
income is related to the macroeconomic environment, as measured by GDP growth and 
the Gini-coefficient of income inequality. 
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1 Introduction 
A key concept in much of economics is the lifetime income of individuals. It is 
therefore not surprising that the determinants of income inequality and intergener-
ational income mobility are subject to an intensive research program.1  These de-
terminants include shared environmental factors, such as a common family back-
ground, and genetically inherited traits. With a few recent exceptions (Björklund 
et al. 2005 and Benjamin et al. 2012) that all use Swedish data, the literature on 
the heritability of income has, however, relied on relatively poor proxies for life-
time income so far.2 Maybe even more relevantly, the literature on the heritability 
of economic outcomes has been criticized both in the past (Goldberger 1979) and 
more recently (Manski 2011) of being policy irrelevant. Our contribution to the 
debate is to provide empirical results that go beyond the standard variance de-
composition and to suggest that the decomposition results can be linked to eco-
nomic policy in a systematic way. To this end, our analysis makes use of Finnish 
data on a large number of identical (monozygotic, MZ) and non-identical (dizy-
gotic, DZ) twin pairs born 1950-1957 and proceeds in four main steps. 
 In the first step, we use accurate administrative data on the twins’ prime 
working-age incomes from 1990 to 2004 and standard behavioural genetics de-
signs to measure the importance of genetic heritability and shared environmental 
factors in generating variation in the twins’ lifetime income. These decomposi-
tions show that genes explain a high share of variation in lifetime income, where-
as the shared environment explains very little. In this regard, our results are simi-
lar to those reported recently for Sweden by Benjamin et al. (2012). We find, 
moreover, that the genetic heritability is higher for men (50%) than for women 
(30%), but both sexes share the unimportance of the shared environment. These 
decomposition results are robust to a number of identification assumptions.3  
                                                 
1 As Black and Devereux (2011) conclude in their recent review, an important and robust finding 
of this literature is that the relative equitable Nordic countries have high intergenerational mobili-
ty, exceeding clearly that of the UK and US. Consistent with this, the correlation of incomes 
among siblings is also much lower in the Nordic countries than in the U.S. (Solon 1999, Jäntti et 
al. 2002, Black and Devereux 2011). 
2 We return to this point in Section 2. 
3 An important caveat is that the results based on the standard variance decomposition are poten-
tially driven by the restrictive assumptions that the method imposes. Björklund et al. (2005) find 
that once they relax some of them with the help of richer data, the share of income explained by 
genetic heritability is greatly reduced. When we use the point estimates of Björklund et al. (2005) 
to relax some of the same assumptions, we find our results to be largely robust in this respect. 
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 In the second step, we address the policy relevance of these findings by 
studying how sensitive the decomposition results are to the removal of the effect 
of education on lifetime income.4 We focus on schooling for three reasons: First, 
schooling is known to depend on genetic endowments (Behrman and Taubman 
1989, Miller et al. 2001) and is hence a potential driver of the heritability of life-
time income. Second, schooling is in general thought to be a driving force behind 
(increases in) income inequality (e.g. Acemoglu and Autor 2011).5 Third, the re-
cent evidence suggests that major schooling reforms have enhanced intergenera-
tional earnings mobility. Meghir and Palme (2005) find, for example, that the 
Swedish educational reform increased the educational attainment and lifetime 
income of high ability students who had less educated parents. In similar vein, 
Pekkarinen, Uusitalo and Pekkala Kerr (2009), using income data from 1995-2000 
for sons born 1960-1966, report that the intergenerational income elasticity for 
Finnish fathers and sons decreased from 0.30 to 0.23 because of a comprehensive 
schooling reform. Pekkarinen et al. hypothesize that the schooling reform benefit-
ed predominantly students from poorer families.  
 The individuals in our data effectively constituted the last cohort that ob-
tained their primary and secondary schooling in the old, more selective, Finnish 
school system. Our results show that removing the effects of education on lifetime 
income of this cohort does not change the result that the shared environment plays 
a limited role, but reduces the share of the variance of lifetime income explained 
by genetic heritability by at least 10 percentage points. We argue that these results 
contribute to the policy debate about the effects of schooling reforms because they 
allow us to refine the interpretation of the school reform effect that Pekkarinen et 
al. uncover.  
 The third step of our empirical analysis addresses the critique that decompo-
sition studies in economics do not fix the environment (a point emphasized by 
Manski 2011, see pp. 88). We take a step to this direction by studying how the 
decomposition results are affected by the macroeconomic environment. We find 
that the shared environment explains no variation in annual income and that both 
                                                 
4 We remove the effect of schooling using two different methods in ways that are robust to the 
endogeneity of schooling (i.e., correlation between schooling and unobserved family and genetic 
endowments). 
5 This is important, because schooling has intergenerational persistence and is one of the most 
important determinants of long-term labor market outcomes. 
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GDP growth and the Gini index of income inequality are positively associated 
with the variance share explained by genetic heritability. The latter result mirrors 
the point made by the critics that the decomposition results depend on the envi-
ronment in which the data are generated. However, it also suggests that the vari-
ance decompositions may open a new way to understanding how the labor market 
allocation functions at different points of the business cycle. This may connect 
decomposition results with economic policy.  
 Finally, in the fourth step, we study an aspect of income that has not attract-
ed attention before: heritability of income uncertainty (i.e., of the variation in an-
nual income). We find that the genetic component of income uncertainty is rough-
ly half of that of lifetime income and that the shared environment has  a very lim-
ited role in explaining the variability of income uncertainty.  
 The remainder of this paper is organized as follows. In the next section, we 
first discuss the existing evidence. We then present the Finnish twin and register 
data in more detail. The third section describes how we measure lifetime income 
and estimate the contribution of shared environment and genetic heritability to its 
variance. There, we also discuss how we remove the effects of education, and 
report and discuss the results. The fourth section offers, to the best of our 
knowledge, the first ever look at macro-related variation in the heritability of in-
come as well as the heritability of income uncertainty. Section 5 concludes.  
 
2 Existing evidence and Finnish twin data 
2.1 Existing evidence 
The economic literature that uses twin data to analyse the determinants of the var-
iance of income began with Taubman (1976). A great advantage of the twin data 
is that it allows measuring how genetic, shared environmental and individual-
specific (non-shared environmental) factors contribute to it. The relative contribu-
tions of these factors to the variance can under certain assumptions be identified, 
because MZ and non-identical DZ twins have a shared (family) environment, but 
unlike the identical MZ twins, the non-identical DZ twins share, like non-twin 
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siblings, only one-half of their genes on average. Greater similarity in outcomes 
between the MZ twins is therefore indicative of the importance of genes. 6 
 Table 1 reports the sibling correlations of incomes for MZ and DZ twins as 
well as a standard additive variance decomposition implied by the siblings corre-
lations (e.g. Posthuma et al. 2003). While the decomposition relies on a number of 
restrictive assumptions, the following preliminary observations can be made: 
First, the US estimates for the importance of the genetic component, h2, are close 
to those reported for Sweden. Second, the genetic component accounts for as 
much as 40% of income variation.7 Third, the shared environment (c2) accounts 
for a relatively small fraction, say 10 % or so, of the variance of the income. 
Fourth, the individual-specific (non-shared environmental) factors (e2) accounts 
roughly half of the variation in income. Fourth, with the exception of Miller, Mul-
vey and Martin (1997), the genetic component is lower for women than for men, 
though one should note that this evidence is exclusively from Sweden. 
[Insert Table 1 here] 
 A particular challenge has been that the object of primary interest, lifetime 
income, has often been measured using poor proxies (Haider and Solon 2006, 
Böhlmark and Lindquist 2006).8 As Table 1 shows, most of the prior work uses a 
single cross-section and short-term income measures, such as annual earnings or 
hourly salary.9 Notable exceptions are Isacsson (1999) and Björklund et al. 
(2005), which both use three years of earnings data on Swedish twins over a spell 
of seven years, and Benjamin et al. (2012) who use up to 20 years of Swedish 
earnings data. 
 Besides the studies that focus on the heritability of income, there are a num-
ber of papers that are related to our work. A common denominator of them is that 
they all apply various variance decompositions to twin data in order to determine 
the importance of genetic and environmental factors for the variation of economic 
                                                 
6 The importance of genetic heritability in explaining variation in outcomes does not imply that 
policy would be ineffective (Goldberger 1979, Manski 2011). Note also that regardless of the 
policy (ir)relevance of the genetic variance share, the variance share of the shared environment is 
often acknowledged to be of policy relevance (e.g., Taubman 1981).  
7 See Sacerdote (2011) for a review. We discuss the assumptions that underlie this calculation in 
the next section and relax some of them in our empirical analysis.  
8 This may lead, for example, to a gross underestimation of the strength of the intergenerational 
links (Haider and Solon 2006). 
9 There are many studies that use MZ twins to estimate returns to education. However, they sel-
dom report correlations of incomes for MZ and DZ pairs. 
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outcomes (see also Sacerdote 2011 for a review). This branch of the literature 
include Behrman and Taubman (1989) and Miller et al. (2001), who investigate 
the genetic heritability of education, Miller et al. (1996) and Schnittker (2008), 
who focus on occupational status and socioeconomic position, and Nicolaou et al. 
(2008), who examine the effect of genetic heritability on the likelihood of becom-
ing an entrepreneur. More recent work has extended the literature by studying the 
genetic heritability of the formation of preferences (Cesarini et. al 2009, and Si-
monson and Sela 2011) and financial decision-making (Barnea et al. 2010, and 
Cesarini et al. 2010).10  
 
2.2 Finnish Twin Data 
Our twin sample is based on the Older Finnish Twin Cohort Study (of The De-
partment of Public Health in University of Helsinki) that we have matched to the 
Finnish Longitudinal Employer-Employee Data (FLEED) of Statistics Finland.  
 The Finnish Cohort Study was established in 1974 and was initially com-
piled from the Central Population Registry of Finland. Initial twin candidates were 
persons born before 1958 with the same birth date, commune of birth, sex, and 
surname at birth (Kaprio et al., 1979; Kaprio and Koskenvuo, 2002). A question-
naire was mailed to these candidates in 1975 to determine zygosity and to collect 
baseline data.11 Two follow-up surveys were then subsequently done in 1981 and 
1990.  
 We focus on the youngest cohort, born in 1950-1957. This cohort obtained 
their primary and secondary schooling in the old, more selective, Finnish school 
system (for a nice description, see Pekkarinen et al. 2009). Our sample contains 
nearly all same-sex DZ and MZ twins of this cohort of the Finnish population. 
Most of the attrition is due to death (e.g., of fatal diseases or accidents) and migra-
tion. 
                                                 
10 There are two other closely related branches in the literature. The first of them uses (non-twins) 
siblings and/or adoption data. Examples of this work include Björklund et al. (2006, 2007), Jäntti 
et al. (2001), Plug and Vijverberg (2003), and Sacerdote (2002, 2007). The second related branch 
focuses on the intergenerational mobility and elasticity of incomes; see Solon (1999) and Björ-
klund and Jäntti (2009) for reviews.  
11 The zygosity of the twin pairs was determined using a deterministic method. It classified twin 
pairs on the basis of their responses to two questions on similarity in appearance in childhood. A 
subsample was taken for which the classification was redone using eleven blood markers. The 
classification results agreed almost completely, with the probability of misclassification of a blood 
marker concordant pair being 1.7% (Kaprio et al., 1979). 
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 We had the twin data linked to FLEED using personal identifiers. FLEED is 
constructed from a number of different administrative registers on individuals, 
firms and establishments that are collected or maintained by Statistics Finland. 
Importantly for this study, FLEED includes information on salaries and other in-
come, taken directly from tax and other registers. This implies that our income 
data do not suffer from underreporting or recall error. Nor is it top-coded. The 
income data in this study cover the years from 1990 to 2004. 
 
3 Heritability of lifetime income  
3.1 Measuring lifetime income and its genetic variation 
Lifetime income 
Because we use a sample of individuals born between 1950 and 1957, the individ-
uals are from 33 to 40 years old at the beginning of our sample period in 1990 and 
from 48 to 55 years old at the end of the sample period in 2004. We thus observe 
the incomes of individuals who are at their prime working age. Our first measure 
for the lifetime income of an individual is the average of (the logarithm of) the 
individual’s wage and salary earnings and self-employment income, calculated 
over the sample period. The findings of Haider and Solon (2006) for the U.S. and 
those of Böhlmark and Lindquist (2006) for Sweden suggest that this long-term 
sample average ought to be a reliable measure for the lifetime income. 
 Table 2 reports the means and standard deviations of unadjusted income and 
age, separately for MZ and DZ twins by gender. 
 
[Insert Table 2 here] 
 
Since we observe the individuals at different stages of their life-cycles, we adjust 
the incomes for age and year. We obtain the adjusted income from a regression of 
the log of annual income on a constant, fourteen year dummies and a third order 
polynomial of age, using the panel data on individuals but run separately for men 
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and women. The age-adjusted lifetime income is then computed as the within-
individual average of these residuals.12  
 
Variance decompositions 
We measure the importance of genetic factors and shared environment for lifetime 
income using a regression approach. As a background to the models we first con-
sider the “quick-and-dirty” approach (Posthuma et al., 2003) to the standard be-
havioral genetics decomposition. The genetic heritability of lifetime income is 
twice the difference in the correlations of the lifetime income between MZ and 
DZ twins, i.e., 2 2( )MZ DZh r r  , and where the fraction of variance explained by 
the shared environment is 2 2 2MZ DZ MZc r h r r     and the fraction explained by 
non-shared environment is 2 21 1 MZh c r    . This model assumes i) that genes 
and environment have additive effects, ii) that MZ twins experience environments 
that are similar to those of DZ twins, iii) that there is no correlation between ge-
netic factors and the shared environment (i.e., within-pair genetic differences are 
not correlated with the within-pair environmental differences), and iv) that there is 
no assortative mating, which would be the case if the long-term income genotypes 
of the parents were correlated. If there are dominant genetic influences13, the frac-
tion of variance explained by them is 2 2 4MZ DZd r r  . This decomposition is a 
useful starting point as it provides us with guidance on the appropriate regression 
model.  
 Our primary approach is to use the regression model proposed by DeFries 
and Fulker (1985), and further developed by Waller (1994), Kohler and Rodgers 
                                                 
12 When calculating the income measure we include only the years when the unadjusted income 
has been above 100 euros. 
13 Genetic effects on a trait are the sum of all effects of single genes and their interaction. Genes 
can have different effects due to genetic variation at a single base pair in the genome or to larger 
genetic structural variation. The variants at a locus in a gene are known as alleles. If the effect of 
carrying no, one or two alleles (as humans have two DNA strands) is additive on the trait, these are 
summed as additive genetic effects. Non-linear effects at a single locus are termed as dominance, 
while interactions between loci result in effects termed as epistasis. Additive effects are transmit-
ted from parents to children, while effects due to dominance are not correlated between genera-
tions. Broad sense heritability refers to all kinds of genetic contributions, including additive, dom-
inant, and epistatic. Narrow sense heritability refers solely to the additive genetic factors. (See 
Posthuma et al., 2003.) 
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(2001) and Rodgers and Kohler (2005), among others.14 The simplest version of 
the DeFries and Fulker (DF) model is a regression model that relies on the as-
sumptions of the additive genetic model, i.e. assumptions i)-iv). It is typically 
called the ACE-model and can be written as 
 
   )( 2322101 RINCRINCINC      (1) 
 
where 1INC  is a measure of the lifetime income of twin 1 in a pair of twins, 2INC  
is the corresponding measure for twin 2 from the same pair of twins, R is the coef-
ficient of genetic relatedness (R = 1.0 for MZ twins and R = 0.5 for DZ twins),   
is an error term, and  ´s are regression coefficients. Given the assumptions of the 
ACE-model, 1  and 3  are unbiased estimates of 2c  and 2h , respectively (De-
Fries and Fulker, 1985, Rodgers and McGue, 1994). If the estimate of 1  is nega-
tive, the model is not consistent with the decomposition and the shared environ-
mental term should be dropped. It is often dropped also when the estimate is sta-
tistically not significant. The model is then called the AE-model. 
 Genetic effects need not be additive, but can be of a dominant form. Such 
effects can be accommodated in the DF-model by reformulating it to  
 
   )()( 2423201 DINCRINCRINC     (2) 
 
where D is the coefficient of dominant genetic relatedness (with D = 1 for MZ 
twins and D = 0.25 for DZ twins; Waller, 1994, Rodgers et al. 2001). This model 
is often called the ADE-model. In (2), 3  estimates narrow-sense heritability, 4  
the dominance effect, and 3 + 4  estimates broad-sense heritability (Waller, 
1994). 
 
                                                 
14 This model and its closely related variants are not unfamiliar to economists (see, e.g., Miller et 
al. 1996, 2001). 
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3.2 Empirical results 
Main results 
Table 2 presents the correlation coefficients for our measure of lifetime income, 
separately for MZ and DZ twins by gender. In the ACE model it is required that 
the correlation of lifetime income within the MZ twin pairs, MZr , should be bigger 
than that of the DZ twin pairs, DZr , and 2 DZr  should be at least as big as MZr . For 
men DZr  is so low that the latter condition does not hold. Therefore, the ACE 
model is not sensible. However, there may be dominance effects, as 2 MZr  is high-
er than 4 DZr  and the ADE model is therefore preferable. For women, the condi-
tions for the ACE model hold. For them 4 DZr  is higher than 2 MZr , so the ADE 
model would not be sensible. 
 Table 3 presents the results of our DF-analyses for the ACE, AE, and ADE 
models.15 Recalling that 1  and 3  are estimates of the shared environment ( 2c ) 
and genetic heritability ( 2h ) in the ACE model we can see that the estimates are 
24% and 10%, respectively, for women. However, the estimate for 2c  is not sig-
nificant. The AE model is more parsimonious as the shared environment term is 
dropped. It suggest that the estimate of 2h  is 37% for females. Based on the 
Akaike information criterion (AIC) the ACE model is, however, preferred. As 
expected, the ADE model does not give sensible results for females as the domi-
nance effect is negative.16 
 For men the estimate of 2c  is negative in the ACE model. This suggests that 
alternative models ought to be considered and that dominance effects may be pre-
sent (Waller, 1994, Rodgers et al., 2001). In the ADE-model, the narrow sense 
heritability, measured by the coefficient 3  is 7% (but not significant) and the 
                                                 
15 In (1) and (2), the value for twin 2 of a pair of twins is an explanatory variable for twin 1´s out-
come. However, it is not possible a priori to decide which of the twins is twin 1 and which is twin 
2. The DF regression analysis is therefore performed in the double entry form, i.e. each twin pair is 
entered into the data twice: The first observation uses the outcome of twin 1 as the dependent 
variable and that of twin 2 as the explanatory variable. The second observation reverses the roles. 
This procedure means that standard errors are clustered at twin pair level for correct inference (see 
Kohler and Rodgers, 2001).  
16 The results of the DF regression for the ACE model are similar to what we would obtain from 
the simple decomposition based on the correlations. The correlations imply 
2 2(0.339 0.220) 0.238 24%h      and 2 2 0.220 0.339 0.101 10%c      . 
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dominance effect is 47%. The broad heritability refers to the sum 3 + 4  and is 
54% for men. The sum is highly significant. The AE models suggest that the esti-
mate of 2h  is 45% for males, but based on the AIC criterion the ADE model is 
preferred.17  
 
[Insert Table 3 here] 
 
Robustness 
We have checked the robustness of the results displayed in Table 3 in a number of 
ways:  
 First, we run the DF-regressions using a larger sample that includes both 
twin pairs born between 1945 and 1949 and those born between 1950 and 1957. 
There is some evidence for dominance effects for in these estimations. Based on 
the signs of the coefficients and the AIC criterion the AE model is preferred for 
females and the ADE model for males. The magnitude of genetic heritability im-
plied by these models is 33% for women and (broad sense heritability) 50% for 
men (see Appendix 1, Table A1).  
 Second, we run the regressions using a broader income concept including 
capital income and transfers, such as unemployment benefits and parental leave 
benefits (see Appendix 1, Table A2). The magnitudes of the genetic effects are 
slightly higher than to those reported earlier in Table 4. For women the effect is 
over 40% in the AE model and for men close to 60% in the ADE model. 
 Third, we rerun the regressions using untrimmed, larger samples. Taking 
into account all nonzero (unadjusted) incomes gave results that were marginally 
lower than to those in Table 3: genetic heritability accounted for only 14% of the 
variation of lifetime income for women in the ACE model, but 32% in the AE 
model. For men the share of genetic heritability was 48% in the ADE model. Fi-
nally, we included also the zero observations by using log(income+1) as the (un-
adjusted) annual income. In this case the genetic effect was 38% for women in the 
                                                 
17 The simple decomposition using the correlations again gives similar results. It implies 
2 2(0.535 0.150) 0.770h     and 2 2 0.150 0.535 0.235c       in the ACE model. Since the estimate 
of 2c  is negative, adding it to 2h  gives 2 0.770 0.235 0.535  ( )MZh r    . In the ADE model the 
dominance effect is 2 2 0.535 4 0.150 0.470 47%d        and the additive effect is 
0.535 0.470 0.065 7%   . 
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AE model and 53% for men in the ADE model. These results are available on 
request. 
 Fourth, the results are robust to not doing the age adjustment. These results 
are available on request, too. 
 
Comparison to Björklund et al. (2005) 
As a final robustness test, we address issues raised by Björklund et al. (2005). 
With the help of rich data on different types of Swedish siblings reared together 
and reared apart they were able to relax some of the assumptions of the standard 
decomposition models that we use. They relaxed one assumption at a time and 
found that i) the correlation of DZ twins’ so-called genotypes was 0.43 instead of 
the assumed 0.5; ii) that the gene-environment correlation was not zero, but a 
small negative correlation existed (though it was statistically insignificant; and iii) 
the correlation of rearing environments for male (female) DZ twins reared togeth-
er was 0.406 (0.282) instead of the assumed 1.00. These findings, and especially 
the last one, lead them to conclude that the genetic component in income is much 
smaller than what is usually estimated.  
 The above results are potentially important for our findings. As we lack the 
kind of data Björklund et al. (2005) had, we resort to the following approach: 
First, we take those parameters they were able to estimate, and assume they apply 
to our data. This seems plausible given that our baseline results are so close to 
those reported in the studies that use the same decomposition model and Swedish 
data. Second, we base our calculations on the approach developed by Bowles and 
Gintis (2002). It relaxes the assumption that the environments experienced by MZ 
twins are similar to those of DZ twins, allows for a non-zero gene-environment 
correlation, and does not call for random mating. In particular, the model allows 
the environment of a sibling to depend on both the shared environmental factors 
and on genes. Appendix 2 describes our implementation of this approach in great-
er detail; it suffices to note here that the results support our main qualitative find-
ings.  
 
3.3 The effect of education on income decomposition  
Education is without doubt the determinant of earnings that has attracted the most 
attention by economists. The way in which education is provided is also clearly a 
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policy decision, as demonstrated e.g. by the studies of Meghir and Palme and 
Pekkarinen, Uusitalo and Pekkala Kerr cited above. The results of these authors 
suggest that changing the Swedish and Finnish educational systems from selective 
to comprehensive enhanced intergenerational mobility and benefited especially 
high ability students with poor parents. Another angle from which the effect of 
education on the decomposition of income is interesting is the observed increase 
in income inequality, especially during the last couple of decades. This phenome-
non has been linked to a rising premium on (college) education (e.g., Acemoglu 
1998).  
 To explore the importance of education for our main results, we run our DF-
regressions in two new ways. The idea here is that by netting out the effect of ed-
ucation on the variance of lifetime income, we can explore how important the 
interaction of schooling with the shared environment and the indirect genetic 
pathways are (i.e., how genetic and environmental factors affect lifetime income 
via their effect on schooling).  
 First, we add each individual’s education (i.e., schooling in years) to the 
ACE, AE and ADE models as a new R.H.S. variable (see also Miller et al. 2001, 
or Nicolaou et al. 2008, who augment their variance decomposition models in 
various ways). The results of the augmented DF-models are displayed in panel A 
of Table 4. Second, as an alternative approach, we deduct the effect of education 
from the age-adjusted income of each individual directly before performing the 
decomposition estimation. We produce this estimated effect by first estimating a 
within-twin-differenced model using only MZ twins with the age-adjusted (log) 
lifetime income as the dependent variable and including only years of education 
as an explanatory variable. We then deduct the estimated return to actual school-
ing for each individual (both MZ and DZ) from the age-adjusted lifetime income. 
This approach accounts for the endogeneity of schooling with the shared envi-
ronment and genetic traits.18 The results from these adjusted DF-regressions are 
displayed in panel B of Table 4.  
 
[Insert Table 4 here] 
 
                                                 
18 The estimated return to one more year of schooling was 0.058 (s.e. 0.020) for women and 0.080 
(0.016) for men. The sample for women (men) consisted of 620 (494) twin pair observations.  
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 These results can be directly compared to those presented in Table 3. Start-
ing from panel A of Table 4 where we add education as a control variable into the 
models, the first observation is that our results on the non-significance of the 
shared environment are unchanged: for the ACE model, the 2c estimate is essen-
tially zero for women, and negative for men. For women the preferred model by 
the AIC criterion is the ACE model. Comparing the 2h estimates of the ACE 
models across Tables 3 and 4 suggests that controlling directly for education low-
ers the estimate of the genetic component by 5 percentage points for females. In 
the AE model the reduction is of the same order of magnitude. For men the ADE 
model has the lowest AIC value, but the estimate of the additive component of 
heritability is negative (although close to zero) in Table 4. Using therefore the AE 
model and comparing Tables 3 and 4, shows that the genetic component is re-
duced by 8 percentage points when education is controlled. 
 In panel B of Table 4 we deduct the direct effect of education. The results 
are very similar both with respect to the unimportance of the shared background 
and with respect to the change in the estimated variance share of genetic heritabil-
ity: now the reduction is 3 percentage points for women in the ACE model (4 per-
centage points in the AE model), and 6 percentage points for men in the AE mod-
el.  
 
3.4 Summary and interpretation 
Taken together, we find that 24% (54%) of the variance of women’s (men’s) life-
time income is due to genetic factors and that the contribution of the shared envi-
ronment is small or negligible. Moreover, it seems that taking education into ac-
count reduces the variance share of genetic heritability by 5 percentage points for 
women and by 8 for men, but has no effect on the relative unimportance of the 
shared environment.  
 Given that the twins in our data constituted the last cohort that obtained 
their primary and secondary schooling in the old Finnish school system, these 
results have two policy implications: 
 On the one hand, the reduction in the degree of genetic heritability due to 
schooling suggests that the old, less comprehensive Finnish schooling system may 
have magnified the effects of genetic heritability on income. Another way to in-
terpret the reduction in 2h  is that from 5 to 8 percentage points of the variance 
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share of genetic heritability was channeled through schooling in the old Finnish 
selective school system. This could be due to e.g. parents reinforcing endowment 
differences among their children when deciding whom to educate further (see, 
e.g., Behrman et al. 1994).  
 On the other hand, both the shared (family) environment and genetic herita-
bility are components of intergenerational income mobility. The previous analyses 
by Pekkarinen et al. (2009) and Meghir and Plame (2005) do not separate which 
of these two components drive the positive effect of the schooling reforms on the 
intergenerational income mobility. Our results suggest a limited role for the 
shared environment when the Finnish schooling reform was introduced. This 
means that the decrease in the intergenerational income elasticity documented by 
Pekkarinen et al. is related also to a reduction in the genetic heritability of in-
comes.19  
 While tentative, the above observations allow us to refine the interpretation 
of Pekkarinen et al.’s findings. The observations suggest that the schooling reform 
may have enhanced intergenerational income mobility by increasing the likeli-
hood that individuals with poorer endowments have been able to make and re-
ceive compensating human capital investments, irrespectively of their family re-
sources and shared background.  
 This interpretation can also be linked to the results of Pekkala Kerr, Pek-
karinen and Uusitalo (2013). They report that the Finnish school reform improved 
the military test scores on cognitive skills of individuals whose parents had only 
basic education, while affecting the population at large only marginally.20 They 
also argue that this improvement in tests scores can explain at most a small frac-
tion of the decrease in the intergenerational income correlation reported by Pek-
karinen et al. The results of Pekkala Kerr et al. suggest that the new comprehen-
sive school offered more support to students with poorer endowments. This, cou-
pled with our result that the shared environment played a limited role before the 
reform, suggests that such support allowed students with poorer endowments to 
make or receive compensating human capital investments. The Finnish compre-
hensive school reform may thus have led also to a leveling of incomes between 
                                                 
19 This is so if one is willing to assume that the variance share of the shared environment did not 
increase when moving from the selective to the comprehensive schooling system.  
20 They report that the reform had only a small positive effect on the verbal test scores, but no 
effect in arithmetic or logical reasoning tests. 
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students with different inherited traits, rather than only leveling differences in 
shared environments.21  
 This interpretation is supported by the prior results on the heritability of 
education: Silventoinen et al. (2004) have calculated that in the Older Twin Co-
hort Study  which is the data used in this study  the proportion of variation in 
education explained by additive genetic factors is 0.45 for men and 0.46 for wom-
en. The corresponding shares explained by shared environment are 0.36 and 
0.39.22 A new data set, FinTwin16, includes birth cohorts 1975-1979, who have 
gone to school after the Finnish school reform. Using these data Latvala et al. 
(2011) show that the share of variation in education explained by additive genetic 
influences is 0.41 for men and 0.32 for women. The share of common environ-
mental influences is 0.28 for males and 0.30 for females.23 These figures are con-
sistent with the view that both genetic and shared environmental factors contribute 
less to the variance of schooling after the Finnish school reform. 
 
4 Variation of income over time 
4.1 Macroeconomic conditions and heritability 
Given that most of the prior work uses a single cross-section and/or short-term 
income measures, a question of particular interest is whether the heritability esti-
mates are stable in annual data. Figure 1 addresses this question and reports the 
results from behavioral genetic decompositions (DF-regressions) in which we use 
annual age-adjusted incomes, instead of our measures for lifetime income, as the 
dependent variable. Based on the signs of the coefficients and the AIC criterion, 
the AE model was preferred in 11 of the 15 years for women, the ADE model in 3 
years and the ACE model in only one year. For men, the ADE model was pre-
                                                 
21 These interpretations are of course dependent on the Finnish institutional environment where 
e.g. university education has always been free. 
22 They obtained these results from a bivariate model of education and BMI. Very similar results 
are obtained from within twin pair correlations of education, reported in Silventoinen et al. (2004). 
The correlations suggest an ACE model with 2 20.48,  0.35h c   for men and 
2 20.46,  0.39h c   for women. 
23 They obtained these results from a joint model for education and alcohol problems. Very similar 
results are obtained from within twin pair correlations of education, reported in Latvala et al. 
(2011). The correlations suggest an ACE model with 2 20.42,  0.26h c   for men and 
2 20.28,  0.30h c   for women. 
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ferred in 11 of the 15 years, and the AE model in 4 years. The ACE model could 
be ruled out in practically all of the years for both genders and we leave it out of 
the subsequent analysis. We present the figures by gender, separately for the AE 
and ADE-models (left axis) over time and plot also the real growth of GDP (right 
axis) and the Gini-index of income inequality (left axis).24 These two variables 
may co-vary with the share of heritability in the variance of annual incomes for a 
number of reasons: For example, the share of heritability may be lower during 
economic booms, if good macroeconomic conditions are associated with better 
employment and overall increases in income. One could also expect that the share 
of heritability is smaller in times of a more compressed income distribution. 
 
[Insert Figure 1 here] 
 
Figure 1 shows that the yearly heritability estimates are relatively stable (though 
not constant) for women. The yearly heritability estimates are, on average, slight-
ly lower than the estimates we obtained using the lifetime income as the outcome 
measure.25 This finding is in accordance with Benjamin et al. (2012), who find 
that heritability is somewhat lower in the annual data (see also Table 1). For men 
there is more variation over time in the results. Overall, it seems that the estimates 
may correlate with the GDP growth, especially for females. The variations in the 
Gini-index are so small that it is difficult to judge from the graph whether there is 
any correlation. 
 
[Insert Table 5 here] 
 
 To study these links more systematically we regress the gender-specific 
yearly heritability estimates on a gender dummy, real growth of GDP and the 
Gini-index. The results are displayed in Table 5. The coefficient of GDP growth is 
positive and statistically significant (admittedly only at 7% level) using the ADE 
models’ heritability estimates. When we use the AE model heritability estimates, 
the coefficient of GDP growth is positive, but not statistically significant. The 
                                                 
24 The Gini index measures the inequality of gross income and is from the income distribution 
statistics of Statistics Finland. The GDP data is from the StatFin database. 
25 For men the averages of the heritability estimates in the AE and ADE models are 0.33 and 0.37, 
respectively. For women the average is 0.24 in all of the models. 
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coefficient of the Gini-index is always positive, but marginally statistically signif-
icant (at 8% level) only using the ADE model heritability estimates. When we 
used AE heritability estimates for women and ADE estimates for men, the results 
were very close to those obtained when the ADE model was used for both genders 
(results not shown). In terms of economic significance, we find that the effects, if 
taken at face value, are not negligible.26 This suggests that the economic environ-
ment may have a systematic influence on the measured heritability of income; this 
is something the literature has to our knowledge not explored systematically.27 
 
4.2 Heritability of income uncertainty 
How much of the variance in the within individual variation in annual incomes 
can be attributed to genetic, shared environmental and individual-specific factors? 
That is, how much of the variance in inter-temporal income uncertainty these fac-
tors account for? To the best of our knowledge, the prior literature does not pro-
vide an answer to these questions, despite the fact that income uncertainty and 
risks have been subject to a considerable research program.  
 As we understand it, estimates for the heritability of the second moment of 
the income distribution are not available in the prior literature for two reasons: 
First, earlier analyses have not relied on income data over several years, which is 
required to measure income uncertainty at the level of each individual. Second, 
measurement errors make the heritability analysis of income uncertainty difficult, 
as it is likely to bias the heritability estimates downwards. Having access to ad-
ministrative tax register data on income alleviates to some extent these measure-
ment issues. 
 To obtain a measure for income uncertainty at the level of individuals, we 
use the annual age and time adjusted income data for the same individuals and 
years we used in our main analysis and calculate the standard deviation of the 
                                                 
26 Using the coefficient from the ADE model, our results suggest that the effect of GDP growth on 
the heritability of income between the years with highest and lowest GDP growth is ሺ6.204 െ
ሺെ6.013ሻሻ ൈ 0.005 ൌ 0.06. Using twice the standard deviation of GDP growth (3.37) gives a 
number half as large. For the Gini-index the figure using the largest and smallest values for the 
Gini-index and the coefficient from the ADE model is ሺ30.8 െ 25.1ሻ ൈ 0.010 ൌ 0.06. We 
acknowledge that these calculations are by no means conclusive, as they are based on a small 
sample and imprecisely estimated coefficients. 
27 Another way of interpreting this calculation is to see it as a demonstration of gene-environment 
correlation. 
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income measure separately for each individual over the sample period (i.e., the 
standard deviation of the residual from the regression of logarithm of income on 
time effects and a polynomial of age). Table 6 displays the descriptive statistics 
for this measure in our sample. It shows that income uncertainty is, on average, 
greater for females than for males. The means of the uncertainty measure are very 
similar in the MZ and DZ subsamples.  
 
[Insert Table 6 here] 
 
 Table 7 presents the results of the DF-analyses. For women the AE model is 
preferred, based on the signs of the coefficients and the AIC criterion. The esti-
mate of 2h  is highly statistically significant and shows that 17% of the variance of 
women’s income uncertainty can be attributed to genetic factors. The correspond-
ing estimate of genetic heritability for men is 35%, using the preferred ADE mod-
el. These findings confirm the conclusion that genes matter for the income risks 
that people face in their prime working age.  
 
[Insert Table 7 here] 
 
 These results are robust to using the individual-specific average of the abso-
lute value of the income measures (i.e. mean absolute value of the residual) as an 
alternative measure for the income uncertainty (results not shown).  
 
5 Conclusions  
Consistent with the results of Benjamin et al. (2012) for Sweden, we find that the 
heritability of long-term income is high in Finland with genetic heritability ex-
plaining over 20% of variation in lifetime income for women and over 50% for 
men. We also find that the shared (family) background plays a minor role in ex-
plaining variation in lifetime income. Genetically inherited traits may thus have a 
surprisingly large contribution to the correlation in the lifetime incomes of sib-
lings and to intergenerational income persistence even in the equitable Nordic 
countries.  
 While the policy relevance of the variance share of genetic heritability has 
been questioned, our finding that controlling for differences in education reduces 
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this share by 5-8% while not affecting the relative unimportance of the shared 
environment is, in our view, policy relevant: it means that the old, less compre-
hensive Finnish schooling system may have magnified the effects of genetic herit-
ability on income. This could have been the case, for example, if parents rein-
forced at the time endowment differences among their children when deciding 
whom to educate further (see, e.g., Behrman et al. 1994). Moreover, it seems that 
the shared environment may have played a relatively limited role already at the 
time when the Finnish schooling reform, studied by Pekkarinen et al. (2009) and 
Pekkala Kerr et al. (2013), was introduced. If so, the decrease in the intergenera-
tional income elasticity documented by Pekkarinen et al. may be at least as much 
related to lower genetic heritability of incomes as to a reduced importance of non-
genetic (family) resources. This viewpoint suggests that the schooling reform may 
have enhanced intergenerational income mobility e.g. by increasing the likelihood 
that individuals with poorer individual endowments have been able to make or 
receive compensating human capital investments. This means that the Finnish 
comprehensive school reform led to a leveling of incomes between students with 
different inherited traits in addition to possibly leveling differences in shared envi-
ronments. Consistent with this view, a part of the good average performance of 
the Finnish students in international comparisons, such as the Programme for In-
ternational Student Assessment (PISA), is apparently attributable to the low share 
of badly performing students (i.e., the low variation in student scores; see OECD 
2010).  
 We also provide novel evidence on the heritability of income uncertainty 
(i.e., in annual variation of income) and some evidence of gene-environment in-
teraction that is related to the business cycle and income distribution. These find-
ings suggest that variations in labor market conditions that are related to the state 
of the macroeconomy have a direct impact on the variance share of income ex-
plained by genetic heritability, thereby linking the variance share to economic 
policy.  
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Source Income measure Gender Country rMZ rDZ h
2 c2 e2
Taubman (1976, Table 2) Log of annual income Men USA 0.54 0.30 0.48 0.06 0.46
Ashenfelter, Krueger (1994, Table 2) Log of hourly wage Both USA 0.56 0.36 0.40 0.17 0.44
Ashenfelter, Rouse (1998) Log of hourly wage Both USA 0.63 0.37 0.52 0.11 0.37
Johnson, Krueger (2005, Table IV) Log of annual household income Both USA 0.38 0.13 0.38 0.00 0.62
Schnittker (2008, Table 1) Log of annual income Both USA 0.40 0.26 0.28 0.12 0.60
Miller, Mulvey, Martin (1995, Table 2) Log of average occupational income Both Australia 0.68 0.32 0.68 0.00 0.32
Miller, Mulvey, Martin (1997, Table 2) Log of average occupational income Men Australia 0.59 0.56 0.07 0.52 0.41
Miller, Mulvey, Martin (1997, Table 2) Log of average occupational income Women Australia 0.56 0.28 0.55 0.01 0.44
Miller, Mulvey, Martin (2006, Table 2) Log of annual income Both Australia 0.50 0.14 0.50 0.00 0.50
Isacsson (1999, Table 2) Average of 3 year log incomes Both Sweden 0.68 0.46 0.44 0.24 0.32
Björklund, Jäntti, Solon (2005, Table 1) Average of 3 year log incomes Men Sweden 0.36 0.17 0.36 0.00 0.64
Björklund, Jäntti, Solon (2005, Table 1) Average of 3 year log incomes Women Sweden 0.31 0.12 0.31 0.00 0.69
Cesarini (2010, Table III.III) Log of 3‐year average income Men Sweden 0.49 0.29 0.40 0.09 0.51
Benjamin et al. (2012, Table 1) Average of 20 year log incomes Men Sweden 0.63 0.27 0.63 0.00 0.37
Benjamin et al. (2012, Table 1) Average of 20 year log incomes Women Sweden 0.48 0.22 0.48 0.00 0.52
Benjamin et al. (2012, Table 1) Average of 5 year log incomes Men Sweden 0.51 0.20 0.51 0.00 0.49
Benjamin et al. (2012, Table 1) Average of 5 year log incomes Women Sweden 0.30 0.20 0.20 0.10 0.70
Benjamin et al. (2012, Table 1) Log of annual income Men Sweden 0.41 0.16 0.41 0.00 0.59
Benjamin et al. (2012, Table 1) Log of annual income Women Sweden 0.27 0.14 0.25 0.02 0.73
Avg. U.S. 0.50 0.28 0.41 0.09 0.50
Avg. Australia 0.58 0.32 0.45 0.13 0.42
Avg. Sweden 0.44 0.22 0.40 0.05 0.56
Table 1: Earlier studies on the genetic heritability of income
Notes: h2 = 2*(rMZ‐rDZ), c
2 = rMZ‐h
2, and e2=1‐h2‐c2 refer to the standard additive behavioral genetics variance decomposition. In the cases where this
decomposition gives a negative value for c2, it has been set to zero, and the corresponding value has been deducted from h2. Earnings (income) data refer
to a cross‐section in the US and Australian studies. Ashenfelter and Rouse (1998) average the income over time for those twins (25% of the sample) who
were interviewed more than once. They do not show the correlations, but those are reported in Harding et al. (2005, fn. 4). In Miller et al. (1995, 1997) the
earnings measure is the average full time income from the occupation of employment, measured at the level of 2‐digit, gender‐specific occupational
groups (i.e., it is not measured at the level of individuals). Isacsson (1999) and Björklund et al. (2005) use incomes from 3 years over a 7‐year period and
Cesarini (2010) from 3 years over a 5‐year period. Benjamin et al. (2012) use data from consecutive years. They also show the correlations for 10‐year and 3‐
year average log incomes, which are not reported here. Most of the multi‐year studies adjust the incomes for age.
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MZ DZ MZ DZ
Income (€)
  Average 17523.55 17701.65 24433.08 24016.11
  Standard deviation 9711.76 16306.19 18975.87 13789.08
Log(income)
  Average 9.49 9.48 9.76 9.77
  Standard deviation 0.74 0.76 0.87 0.84
Age 1990 (years)
  Average 36.3 36.2 36.3 36.4
  Standard deviation 2.3 2.3 2.3 2.2
Correlations of age adjusted 0.339 0.220 0.535 0.150
average log(income), rMZ and rDZ
Number of twin pairs 620 1146 494 1094
Number of persons 1240 2292 988 2188
Table 2: Descriptive statistics
Females Males
Notes: The income numbers are within‐person averages for 1990‐2004, the
averages are across persons, and age refers to the average age in 1990.  
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  Females Males
  ACE AE ADE ACE AE ADE
1 0.10     ‐0.23    
  (0.08)     (0.08)    
 0.04 0.06 0.04 0.09 0.05 0.09
  (0.04) (0.04) (0.04) (0.05) (0.05) (0.05)
 0.24 0.37 0.54 0.77 0.45 0.07
  (0.11) (0.04) (0.14) (0.11) (0.04) (0.13)
     ‐0.20     0.47
      (0.16)     (0.15)
0 ‐0.11 ‐0.12 ‐0.11 ‐0.15 ‐0.12 ‐0.15
  (0.03) (0.03) (0.03) (0.04) (0.03) (0.04)
AIC: 7707.4 7709.8 7707.4 7565.3 7585.0 7565.3
N(pairs): 1766 1766 1766 1588 1588 1588
F‐statistic:     61.2     148.22
  p‐value     < 0.01     < 0.01       
Table 3: ACE, AE, and ADE ‐regressions 
Notes: Standard errors in parentheses, clustered at twin pair level. AIC is the Akaike
information criterion. The F‐statistic and p‐value refer to the test that the sum of narrow‐
sense heritability and dominance effect is zero, i.e., 3+4 = 0. 
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Panel A: Education included as a regressor
 
  ACE AE ADE ACE AE ADE
1 0.08     ‐0.25    
  (0.07)     (0.07)    
 0.0003 0.01 0.0003 0.002 ‐0.04 0.002
  (0.04) (0.04) (0.04) (0.05) (0.05) (0.05)
 0.19 0.31 0.45 0.71 0.37 ‐0.04
  (0.10) (0.03) (0.13) (0.10) (0.04) (0.12)
     ‐0.17     0.50
      (0.15)     (0.14)
0 ‐1.05 ‐1.06 ‐1.05 ‐1.17 ‐1.13 ‐1.17
  (0.07) (0.07) (0.07) (0.07) (0.07) (0.07)
Education 0.08 0.08 0.08 0.09 0.09 0.09
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
AIC: 7453.9 7455.2 7453.9 7307.9 7333.0 7307.9
N(pairs): 1766 1766 1766 1588 1588 1588
F‐statistic     44.70     112.62
  p‐value     < 0.01     < 0.01
             
Panel B: Education effect deducted from income
 
  ACE AE ADE ACE AE ADE
1 0.09     ‐0.29    
  (0.08)     (0.08)    
 0.16 0.26 0.16 0.81 0.37 0.81
  (0.10) (0.05) (0.10) (0.13) (0.06) (0.13)
 0.21 0.33 0.48 0.79 0.39 ‐0.09
  (0.11) (0.04) (0.14) (0.11) (0.04) (0.13)
     ‐0.18     0.58
      (0.16)     (0.16)
0 ‐0.72 ‐0.80 ‐0.72 ‐1.37 ‐1.06 ‐1.37
  (0.07) (0.03) (0.07) (0.09) (0.03) (0.09)
AIC: 7484.7 7486.3 7484.7 7314.6 7345.0 7314.6
N(pairs): 1865 1865 1865 1674 1674 1674
F‐statistic     45.62     111.80
  p‐value     < 0.01     < 0.01
Table 4: ACE, AE, and ADE ‐regressions with education
Females Males
Females Males
Notes: Standard errors in parentheses, clustered at twin pair level. AIC is
the Akaike information criterion. The F‐statistic and p‐value refer to the
test that the sum of narrow‐sense heritability and dominance effect is zero, 
i.e., 3+4 = 0. 
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  h2, AE h2, ADE
Female ‐0.093 ‐0.134
  (0.024) (0.021)
GDP growth 0.002 0.005
  (0.002) (0.002)
Gini index 0.004 0.010
  (0.004) (0.005)
Constant 0.217 0.077
  (0.102) (0.144)
R2: 0.51 0.71
N: 30 30
Table 5: Annual regressions of the share 
of genetic heritability
Notes: Standard errors in parentheses,
clustered at the year level. 
MZ DZ MZ DZ
Average 0.47 0.47 0.45 0.45
Standard deviation 0.43 0.42 0.45 0.43
Correlations of income risk, 0.155 0.104 0.341 0.097
rMZ and rDZ
Number of twin pairs 606 1125 486 1073
Number of persons 1212 2250 972 2146
Table 6: Descriptive statistics of income risk
Females Males
Notes: The income risk is calculated by regressing log(income) on year
dummies and a third degree polunomial of age using data on all persons in
1990‐2004 and by calculating within‐person standard deviation of the
residual.
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  ACE AE ADE ACE AE ADE
1 0.05 ‐0.15
  (0.08) (0.08)
 ‐0.05 ‐0.09 ‐0.05 ‐0.21 ‐0.12 ‐0.21
  (0.06) (0.03) (0.06) (0.06) (0.03) (0.06)
 0.10 0.17 0.26 0.49 0.29 0.05
  (0.11) (0.04) (0.14) (0.11) (0.04) (0.13)
 ‐0.11 0.30
  (0.16) (0.15)
0 0.45 0.48 0.45 0.51 0.44 0.51
  (0.04) (0.02) (0.04) (0.04) (0.02) (0.04)
AIC: 3796.9 3795.9 3796.9 3577.1 3583.0 3577.1
N(pairs): 1731 1731 1731 1559 1559 1559
F‐statistic     11.32     50.64
  p‐value     < 0.01     < 0.01
Table 7: ACE, AE, and ADE ‐regressions for income risk
Females Males
Notes: Standard errors in parentheses, clustered at twin pair level. AIC is the 
Akaike information criterion. The F‐statistic and p‐value refer to the test
that the sum of narrow‐sense heritability and dominance effect is zero, i.e.,
3+4 = 0. 
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Figure 1: Annual variation in heritability estimates 
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Appendix 1. Robustness analysis: Lifetime income 
 
  
 
  ACE AE ADE ACE AE ADE
1 ‐0.01 ‐0.12
  (0.07) (0.07)
 0.06 0.05 0.06 0.07 0.05 0.07
  (0.04) (0.04) (0.04) (0.04) (0.04) (0.04)
 0.35 0.33 0.31 0.62 0.46 0.25
  (0.10) (0.03) (0.12) (0.10) (0.03) (0.11)
 0.03 0.25
  (0.14) (0.13)
0 ‐0.13 ‐0.13 ‐0.13 ‐0.15 ‐0.13 ‐0.15
  (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
AIC: 12424.2 12422.3 12424.2 12729.0 12736.6 12729.0
N(pairs): 2694 2694 2694 2562 2562 2562
F‐statistic:     60.15     149.07
  p‐value     < 0.01     < 0.01
Table A1: ACE, AE, and ADE ‐regressions for those born 1945 or later
Females Males
Notes: Standard errors in parentheses, clustered at twin pair level. AIC is the Akaike
information criterion. The F‐statistic and p‐value refer to the test that the sum of narrow‐
sense heritability and dominance effect is zero, i.e., 3+4 = 0. 
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Panel A: Females        
 
  ACE AE ADE ACE AE ADE
1 ‐0.04 ‐0.16
  (0.08) (0.08)
 0.02 0.02 0.02 0.02 0.01 0.02
  (0.03) (0.03) (0.03) (0.03) (0.03) (0.03)
 0.47 0.42 0.35 0.75 0.53 0.26
  (0.12) (0.04) (0.14) (0.10) (0.03) (0.14)
 0.08 0.33
  (0.16) (0.15)
0 ‐0.04 ‐0.04 ‐0.04 ‐0.03 ‐0.03 ‐0.03
  (0.02) (0.02) (0.02) (0.03) (0.03) (0.03)
AIC: 6389.0 6387.8 6389.0 6186.3 6195.9 6186.3
N(pairs): 1850 1850 1850 1664 1664 1664
F‐statistic:     79.43     290.94
  p‐value     < 0.01     < 0.01
Table A2: ACE, AE, and ADE ‐regressions for taxable income
Females Males
Notes: Standard errors in parentheses, clustered at twin pair level. AIC is the Akaike
information criterion. The F‐statistic and p‐value refer to the test that the sum of
narrow‐sense heritability and dominance effect is zero, i.e., 3+4 = 0. 
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Appendix 2. Robustness analysis: The Björklund, Jäntti and 
Solon results and the Bowles and Gintis –model 
In this appendix we check the robustness of our main heritability results to the observations made 
by Björklund, Jäntti and Solon (2005). To achieve this goal we use the heritability model of Bowles 
and Gintis (2002). The two key correlation moments of the model are (see Bowles and Gintis 2002, 
p. 23-27, especially their equations (8) and (9)): 
 
1 2
2 2 2 2( ) 2MZy y e E ge e ger h h               (A-1) 
 
1 2
2 2 2 21 1 1
2 2 2( (1 ) ) (1 ) (1 )
DZ
y y e E y ge y y e ger m m h m h              (A-2) 
where 
1 2
MZ
y yr  and 1 2
DZ
y yr  refer to the within MZ and DZ -pair correlations (of income), h  is the square 
root of the heritability of income; ge  is a parameter that allows for a non-zero gene-environment 
correlation, ym  is a parameter that allows for a non-zero correlation between the maternal and pa-
ternal genes (i.e. assortative mating), and where e  and E  are (path) parameters such that 
2 2 2
e E c   , which denotes the importance of the shared environment. The model also allows for an 
unequal shared environment for the MZ and DZ twins. It is easy to see that if ym = ge = 0, the mod-
el reduces to the standard additive model, as then  1 2 1 22 2 MZ DZy y y yh r r   and 1 22 2 2 2MZe E y yc r h    .  
 The models of Björklund et al. (2005) allow, one at the time, for non-random mating, a non-
zero gene-environment correlation, and a shared environment of the DZ twins that is different from 
that of the MZ twins. Their findings from these various models suggest that i) the correlation of DZ 
twins’ genotypes, 12(1 )ym  (see, Bowles and Gintis, 2002, p. 26 for this expression), may be about 
0.43 for males (0.39 for females), as opposed to 0.5 of the standard model; that ii) the gene-
environment correlation is negative (but small in absolute value and insignificant statistically); and 
that iii) for male (female) DZ twins, the correlation of environments may be as low as 0.406 
(0.282), when the corresponding correlation for the MZ twins is standardized to one. Given the sim-
ilarity of the Nordic countries, it seems prudent that we consider these values in our robustness 
tests.  
 The results are displayed in Table A3, separately for women (Panel A) and men (Panel B). 
Each panel has three sub-panels. In the first sub-panels, we impose 0ge   but allow ym  to vary 
from -0.22 to 0.20 for females and from -0.14 to 0.20 for males, where the lower bounds match with 
the estimates of Björklund et al. (2005). For the second sub-panels, we impose 0ym   (i.e., random 
 35
mating), but allow ge  to vary from -0.20 to 0.20. Finally, for the third sub-panels, we set the corre-
lation of environments to be 0.406 for DZ females and 0.282 for DZ males (with the corresponding 
correlation for the MZ twins standardized to one), and study what this implies in the light of the 
Bowles and Gintis model for ge  aid ym . 
 Let us first focus on the results reported in the first two sub-panels. These results support our 
main qualitative findings, both for females and males. They show, in particular, that the heritability 
estimates, 2h , do not change dramatically, relative to the standard model (for which the results are 
displayed in the first two columns of each sub-panel) or relative to what we report in the main text. 
It is, moreover, worth noting that the shared environmental effect is always negative for males. In 
particular, in the Bowles and Gintis model, 
1 2 1 2
2 2
(1 )y
MZ
y y y ymc r r    is positive only if 2 1DZMZry rm   . 
When 
1 2
MZ
y yr  is more than twice times 1 2
DZ
y yr  (as is the case in our data for males), this calls for a suffi-
ciently negative estimate for ym , i.e. “inverse assortative mating”. However, as the first sub-panel 
(in Panel B) shows, the estimate that we obtain from Björklund et al. (2005) for ym  is not suffi-
ciently negative to generate a positive estimate for 2c . Note also that in the Bowles and Gintis mod-
el, the correlation of DZ twins’ environments, denoted 1, 2
DZ
e e  in the table, does not vary with ym  if 
0ge  . However, 1, 2DZe e , varies with ge  even if 0ym  , as the second sub-panels show. 
 If we then turn to the third sub-panels, we find that the estimates that Björklund et al. (2005) 
obtain for the correlation of the DZ environments imply, according to the Bowles and Gintis model, 
very large negative values for ym  and very high (absolute) values for ge . Such numbers are not 
consistent with their other estimates, which suggest (much) smaller negative values for ym  and 
small values for ge . 
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 rMZ rDZ
0.339 0.220
h2 c2 h2 c2 DZe1e2 ge my
0.238 0.101 0.195 0.144 1.000 0.000 ‐0.220
0.238 0.101 0.198 0.141 1.000 0.000 ‐0.200
0.238 0.101 0.216 0.123 1.000 0.000 ‐0.100
0.238 0.101 0.238 0.101 1.000 0.000 0.000
0.238 0.101 0.264 0.075 1.000 0.000 0.100
0.238 0.101 0.298 0.042 1.000 0.000 0.200
0.238 0.101 0.306 0.101 0.980 ‐0.200 0.000
0.238 0.101 0.270 0.101 0.995 ‐0.100 0.000
0.238 0.101 0.238 0.101 1.000 0.000 0.000
0.238 0.101 0.208 0.101 0.995 0.100 0.000
0.238 0.101 0.179 0.101 0.980 0.200 0.000
0.238 0.101 ‐ ‐ 0.282 0.850 ‐0.988
0.238 0.101 ‐ ‐ 0.282 0.900 ‐0.773
0.238 0.101 ‐ ‐ 0.282 0.950 ‐0.591
0.238 0.101 ‐ ‐ 0.282 ‐0.850 ‐0.988
0.238 0.101 ‐ ‐ 0.282 ‐0.900 ‐0.773
0.238 0.101 ‐ ‐ 0.282 ‐0.950 ‐0.591
Panel A: Females 
Correlations:
Basic decomposition Bowles‐Gintis decomposition
Table A3: Bowles‐Gintis model 
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 rMZ rDZ
0.535 0.150
h2 c2 h2 c2 DZe1e2 ge my
0.770 ‐0.235 0.675 ‐0.140 1.000 0.000 ‐0.140
0.770 ‐0.235 0.700 ‐0.165 1.000 0.000 ‐0.100
0.770 ‐0.235 0.733 ‐0.198 1.000 0.000 ‐0.050
0.770 ‐0.235 0.770 ‐0.235 1.000 0.000 0.000
0.770 ‐0.235 0.963 ‐0.428 1.000 0.000 0.200
0.770 ‐0.235 0.963 ‐0.428 1.000 0.000 0.200
0.770 ‐0.235 na ‐0.235 0.980 ‐0.200 0.000
0.770 ‐0.235 na ‐0.235 0.995 ‐0.100 0.000
0.770 ‐0.235 0.770 ‐0.235 1.000 0.000 0.000
0.770 ‐0.235 na ‐0.235 0.995 0.100 0.000
0.770 ‐0.235 na ‐0.235 0.980 0.200 0.000
0.770 ‐0.235 ‐ ‐ 0.406 0.850 ‐0.644
0.770 ‐0.235 ‐ ‐ 0.406 0.900 ‐0.467
0.770 ‐0.235 ‐ ‐ 0.406 0.950 ‐0.316
0.770 ‐0.235 ‐ ‐ 0.406 ‐0.850 ‐0.644
0.770 ‐0.235 ‐ ‐ 0.406 ‐0.900 ‐0.467
0.770 ‐0.235 ‐ ‐ 0.406 ‐0.950 ‐0.316
Panel B: Males 
Correlations:
Basic decomposition Bowles‐Gintis decomposition
Table A3: Bowles‐Gintis model (continued) 
